We estimate the effect of legal status on the number of crimes committed by immigrants in the destination country, exploiting the Italian policy framework as an ideal regression discontinuity design: fixed quotas of residence permits are available each year, applications must be submitted electronically on specific "Click Days" and are processed on a first-come, first-served basis until the available quotas are exhausted. By matching data on applicants -including the timing of the application in milliseconds -with restricted-use police files, we find that obtaining legal status reduces the number of serious crimes committed in the following year from 2.9 to 1.2 per 100 applicants. The effect is greater on economic crimes, in regions offering better economic opportunities to legal immigrants, and under weak enforcement of migration restrictions. These findings are consistent with the predictions of a simple model of crime.
Introduction
The most recent estimates place the number of undocumented immigrants in the United States at 11.5 million, up from 8.5 million in 2000 and close to exceeding the number of legal permanent residents (Hoefer et al., 2012a , Hoefer et al., 2012b . The share of illegals is also high in several European countries, such as Italy, Greece, Portugal, and Spain. 1 Both in the US and in Europe, illegal immigrants cannot be employed or start a new economic activity, at least officially. Such immigrants can work only in the informal economy and thus receive considerably lower earnings than legal immigrants (Kossoudji and Cobb-Clark, 2002 , Kaushal, 2006 , Amuedo-Dorantes et al., 2007 , Accetturo and Infante, 2010 , and Lozano and Sorensen, 2011 . According to the Becker-Ehrlich model of crime, a lower income from legitimate activities means a lower opportunity cost of -and thus a higher propensity to participate in -illicit activities.
Therefore, the presence of large illegal populations raises crime concerns in destination countries. According to an annual survey conducted in North American and European countries, approximately two-thirds of the people interviewed are concerned that illegal immigrants increase crime, whereas this share is reduced by half for legal immigrants (Transatlantic Trends, 2009) . Moving from perceptions to criminal statistics, illegals constitute between 20% and 30% of all immigrants in Italy, but they represent 80% of those arrested for serious crimes (Italian Ministry of Interior, 2007) .
However, these figures may reflect the different composition of the two groups, as opposed to the (causal) effect of legal status. In particular, illegal immigrants in all countries are typically young, single males and are less educated than legal immigrants (Cohn and Passel, 2009 , Mastrobuoni and Pinotti, 2014 , and Caponi and Plesca, 2013 . More generally, the two groups could differ along other (possibly unobserved) dimensions that are relevant to criminal behavior. For instance, individuals who are less risk averse or those who have a higher propensity to violate laws would be more likely to reside illegally in the country and to commit crimes. It is thus difficult to identify the causal effect of legal status on the number of crimes committed by immigrants in the destination country.
The institutional framework in Italy provides an ideal Regression Discontinuity (RD) design that allows this effect to be estimated separately from selection into legal status. The primary method of acquiring legal status in Italy is through a work-related residence permit: fixed quotas of permits are available each year to different categories of immigrants; applications in each category must be submitted online by (prospective) employers of foreign workers starting on a given "Click Day"; and applications are processed on a first-come, first-served basis until the available quotas are exhausted. The rationing of quotas and the frequency of applications during the first hours of Click Days are such that several thousand applicants are denied legal status every year simply because their employer applied a few minutes (or seconds) after the cutoff time. 2 In this paper, we match data on the applicants for 2007 -including the timing of the application in milliseconds -with restricted-use data on all foreigners prosecuted for having committed a (serious) crime in Italy in the subsequent year, and we compare the number of crimes per applicant between those who applied shortly before and those who applied shortly after the cutoff. For most categories of immigrants, this cutoff occurred fewer than 30 minutes after the start of the Click Day. Most important, the exact timing of the cutoff for each category was unknown ex ante, as it depended on the timing of all applications as well as on how many were rejected for being inaccurate, false, or incomplete. These complexities provide a compelling argument for the fundamental identification assumption that immigrants applying within a narrow bandwidth of the cutoff were unable to precisely determine assignment to either side of it. Indeed, density and balance tests cannot reject the hypothesis that residence permits are as good as randomly assigned across this subset of applicants.
The results of the nonparametric kernel regression (Hahn et al., 2001 , Porter, 2003 suggest that immigrants who applied shortly before and shortly after the cutoff commit 1.2 and 2.0 crimes per 100 applicants, respectively, during the following year, and the difference in the probability of obtaining legal status between these two groups is 46 percentage points. Given the ratio of the reduced form and the first-stage effect of applying on time, the average effect among those who actually obtained legal status is -1.7 crimes per 100 applicants.
The results are extremely stable when we use alternative bandwidth selection criteria -the theory-based criteria by Imbens and Kalyanaraman (2012) and Cattaneo et al. (2014) and a battery of heuristic bandwidths between 1 and 30 minutes -as well as when we use various specifications of global polynomial regressions. When we distinguish between different types of crimes and different categories of applicants, the effect is greater for economically motivated crimes, applicants experiencing better economic opportunities after obtaining legal status, and applicants subject to a higher risk of expulsion as illegal immigrants.
These findings contribute to the growing body of evidence regarding the effect of immigration on crime. 3 Earlier work by Butcher and Piehl (1998) shows no evidence that immigration affected crime across US counties during the 1980s, whereas Spenkuch (2014) reaches a different conclusion for subsequent periods. Borjas et al. (2010) also find that immigration increases crime, although only indirectly (by raising the crime rate of native black males).
As for other countries, Bianchi et al. (2012) show that the causal effect across Italian provinces is not significantly different from zero, while Alonso-Borrego et al. (2012) obtain an opposite result across Spanish provinces. Finally, distinguish between the effect of two large immigrant waves in the UK, namely, asylum seekers and the post-2004 inflow from EU accession countries. Interestingly, only the former group, which was characterized by limited economic opportunities in the official labor markets, caused a significant increase in (property) crimes. This last result suggests that average estimates across geographical areas may mask a significant degree of heterogeneity in the effect of different groups of immigrants. Indeed, the propensity to commit crimes should differ across immigrants depending on individual characteristics, such as age, gender, and education, in the same manner as for natives. However, immigrants differ among themselves with respect to another important factor: legal status.
Previous evidence on the effects of legal status is primarily based on the 1986 Immigration Reform and Control Act (IRCA), which granted legal resident status to long-time illegal immigrants in the US. Using distance from the ports of entry and 1960 immigrants' enclaves as instruments for the presence of IRCA applicants, Baker (2013) shows that higher legalization rates caused a reduction in crime across US counties. At the same time, the IRCA enforced stronger control over the hiring of illegal immigrants, creating obstacles to the employment of those who were not legalized. Freedman et al. (2013) analyze the implications of these provisions and document an increase in felony charges filed against Hispanic residents of San Antonio, Texas, after the expiration of the IRCA amnesty deadline. With regard to other countries, in a previous paper with Giovanni Mastrobuoni (2014) , we exploit variation in legal status among pardoned prison inmates in Italy after the EU expansion of January 2007. We find that after the EU accession, recidivism declined markedly -from 5.8% to 2.3% over a six-month period -among inmates from the new EU member countries, whereas no change occurred in a control group of inmates from EU-candidate member countries.
In this paper, we contribute to this strand of literature by employing a clean quasi-experimental design. Under the assumption of no manipulation of the assignment variable, the RD approach ensures greater internal consistency than other quasi-experimental methods, comparable (at least locally) to that of randomized controlled trials (Lee, 2008) . With regard to the external validity of our estimates, the present paper examines the effect of changes in legal status that are routinely induced by migration policy, as opposed to exceptional events such as one-time amnesties or the EU expansion. Indeed, the institutional framework considered here is not specific to the Italian context, as immigration policy in many destination countries (e.g., Austria, Canada, and Spain) is based on analogous quota systems.
This paper is organized as follows. The next section describes the functioning of Click Days. Section 3 provides a simple theoretical framework to guide the empirical analysis. Section 4 discusses the empirical strategy and the data. Section 5 presents the main results. Finally, Section 6 concludes the paper with some policy implications for the international debate on immigration reform.
Click Days
This section introduces the main features of Italian migration policy, with a particular focus on Click Days as sources of exogenous variation in legal status. 4
The quota system
Italian migration policy is based on a quota system that limits the number of permits available for working purposes by country of origin, province of destination, and employment sector. The total quotas for permits available at the national level are established in the previous year by the government through the Flows Decree ("Decreto Flussi"). Specific quotas are reserved for immigrants coming from 14 "privileged" countries that subscribe to bilateral agreements to control illegal migration. The remaining residence permits are awarded to immigrants from other countries with no cap by nationality; rather, fixed quotas are given according to employment sector (domestic work, construction sector, and all other sectors). Table 1 shows the quotas established by the Flows Decree 2007 and the ratio of quotas to applications: slightly more than one-fourth of the applicants eventually obtained legal status. 5 The total quota for each category is then partitioned across the 103 Italian provinces based on the expected labor demand for foreign workers communicated in each previous year by the Union of Italian Chambers of Commerce, Industry, and Agriculture ("Unioncamere"). Figure 1 plots the number of permits available in each province compared with the number of applications received. The markers for all but one small province lie below the 45-degree line, indicating that quotas 5 Note that, contrary to the intentions of policy-makers, the rationing is stronger for the so-called "privileged" nationalities, for whom the average ratio of quotas to applications is as low as 13% (as opposed to 50% for non-privileged nationalities; see the last column of the table). Therefore, individuals who, in principle, should have been favored by the provision of reserved quotas (e.g., Albanians or Moroccans) confronted a much lower probability of obtaining a residence permit compared with immigrants of other nationalities (e.g., Chinese or Latin Americans). Beginning with the Flows Decrees 2009, however, the quotas for the latter group were always set at a low (or zero) level. fall short of demand for permits almost everywhere, often by a large number. In Milan, for instance, the number of applicants was 10 times greater than the number of available quotas. Note: This graph plots the quotas for residence permits allocated to each province according to the Flows Decree 2007 compared with the number of applications received, both divided by province population. The size of markers is proportional to the total province population; the 45-degree line is also included in the graph.
The quota system described above partitions applicants into a number of distinct groups: 1,442 groups of immigrants from privileged countries (103 provinces × 14 nationalities) and 309 groups of immigrants from other countries (103 provinces × 3 types of occupations), for a total of 1,751 groups. All applicants within each group compete for permits within the same quota. To ensure brevity and to emphasize the primary source of quasi-random variation at the heart of our identification strategy, we subsequently refer to such groups as "lotteries".
The application procedure
The applications for residence permits must be sponsored and materially sent by employers -Italian native citizens or legal foreign residents -who are willing to hire immigrant workers before they enter Italy. However, the matching of vacancies with foreign workers living abroad is extremely difficult (if not impossible). For this reason, most immigrants enter Italy illegally, begin working unofficially, and wait for their employer to sponsor them upon notice of the following Flows Decree.
Although this system has been in place since 1998, the application procedure was completely digitized in 2007. Beginning in that year, employers have been required to apply through the internet during specific Click Days each year, and applications are processed on a first-come, first-served basis (within each lottery) based on the exact order in which they are received by the electronic system. The processing of each application by immigration officers involves cross-checking with police records and other administrative archives: if the application is accurate and complete and if the applicant has no criminal record, then (s)he receives the nulla osta for a residence permit; however, if some of the information is missing, inaccurate, or false or if the applicant has a criminal record, then the application is rejected. The process continues until the quota of permits available for that lottery is exhausted. In the presence of rationing, this type of mechanism generates a discontinuity in the probability of obtaining a residence permit as of the cutoff time at which the last successful application was sent.
In 2007, the sponsors of immigrants from privileged nationalities could begin applying at 8:00 am on December 15, whereas Click Days for non-privileged nationalities were on December 18 and December 21 for those competing for domestic or non-domestic jobs, respectively. Most applications were received in the first few minutes of the day; by 10:00 am, nearly all quotas were already filled. Figure 2 shows two examples. The top graph refers to the lottery for domestic workers of non-privileged nationalities in the province of Milan, the largest city in northern Italy, with a high immigrant presence (approximately 13% of the resident population in 2011). The black line shows the total number of applications received at each minute in time. Immediately after 8:00 am, the system received hundreds of applications per minute, and by 9:40 am, the flow had already slowed to only a few applications per minute. The (unconditional) probability of acceptance, also shown in the graph, is initially high (approximately 90%), as the only rejected applications were those deemed false or incomplete by immigration officers or those sponsoring immigrants with a criminal record in Italy. However, the probability of obtaining a residence permit suddenly decreases to zero when the entire quota assigned to this group is exhausted less than half an hour after the start of the lottery -to be precise, the last application accepted into the quota was sent at 8:27:04. The bottom graph shows a similar picture for the lottery for non-domestic workers (outside of construction) in the province of Naples, the most important labor market for immigrants in southern Italy. In this case, the cutoff was even earlier, at 8:10:56.
Applications received after the cutoff time are automatically rejected, and these .8
probability of obtaining a permit, by minute 10:00 12:00 08:00 09:00 11:00 prob. of obtaining a permit, by minute applications (right axis) Naples, non-domestic outside construction Note: These graphs show the total number of applications received (black line, right axis) and the fraction of those that were eventually accepted (blue line, left axis) at each minute in time between 8:00 and 12:00 for the case of two lotteries: non-privileged, domestic workers in Milan and non-privileged, non-domestic workers outside of the construction sector in Naples.
applicants have no right to reside and work in Italy. As already noted, however, the great majority of these individuals are already present in the country, and they remain there (illegally) even after being refused an official permit. Indeed, the rise in the number of official foreign residents in Italy over the last two decades (from 600,000 at the beginning of the 1990s to 4.5 million in 2011) parallels that of unofficial immigrants. Although no official estimates have been produced, the number of applications for amnesty presented during the frequent legalization episodes provides a lower bound for the size of the illegal immigrant population. The number of applications grew from 100,000 to 250,000 between 1986 and the 1990s, reaching a peak of 700,000 in 2002.
Unauthorized immigrants encounter lower employment prospects than legal immigrants as well as the risk of being expelled from the country. The following section provides a theoretical perspective on how these conditions could affect the number of crimes committed in the destination country.
Theoretical framework
This section presents a simple model of the relationship between legal status and crime. The primary purpose of the model is to clarify the policy effect of interest, the main threats to identifying this effect, and the quasi-experiment provided by Click Days.
Illegal immigrants
Consider a unit mass population of infinitely lived, risk-neutral immigrants who are illegally present in the destination country. With probability p, these immigrants are apprehended and expelled by the police at the beginning of each (discrete) period. Those who are not expelled work in the unofficial sector earning w 0 x, where x are heterogeneous labor skills distributed according to the cumulative density G(.) and w 0 is the price of skills in the unofficial sector. Henceforth, the subscript 0 denotes (potential) outcomes when illegal.
In addition to working, immigrants may also engage in crime. During each period, immigrants receive a crime opportunity worth z, distributed according to the cumulative density F (z). If the immigrants take this opportunity, then they immediately earn z but confront a probability q of being arrested. Assuming a discount factor β < 1 and normalizing to zero the utility of being arrested, the expected payoffs from seizing a crime opportunity are
where V 0 (x, z) denotes the individual utility conditional on having labor skills equal to x and receiving a crime opportunity z, such that V 0 (x, z )dF (z ) is the expected utility in the case of not being arrested. In turn, the individual utility equals
where V H is the utility associated with being expelled and returning to the home country. 6 If the immigrant is not expelled, (s)he earns w 0 x by working in the unofficial economy and must decide whether to commit a crime (conditional on the realization of z). This decision involves a comparison of the return and expected (opportunity) cost of seizing a crime opportunity, respectively, K 0 (x, z) and β V 0 (x, z )dF (z ) in equation (2). Because only the former depends (positively) on z, there exists a reservation valuez 0 (x) such that, conditional on x, one engages in crime only for z >z 0 (x). Imposing K 0 (x,z 0 (x)) = β V 0 (x, z )dF (z ) in equation (2) and substituting into (1), one obtains the following:
Intuitively, the payoff required for engaging in crime increases with both the risk and opportunity cost of being arrested. In particular, because V 0 (x, z) is increasing in x,z 0 (x) is also increasing. Additionally, based on a simple revealed preference argument, V H < β V 0 (x, z )dF (z ) for all immigrants in the destination country, which, in turn, implies that V 0 (x, z) andz 0 (x) are decreasing in p (see equation 2).
The reservation value in equation (3) completely characterizes criminal activity. In fact, the individual probability of committing a crime in the destination country equals the probability of not being expelled times the probability of drawing a crime opportunity abovez 0 (x),
Intuitively, C 0 (x) decreases with working skills x, while the probability of expulsion p has two opposite effects: on the one hand, it reduces the pool of (illegal) immigrants at risk of committing crimes, as captured by the first term on the right-hand side of the equation; on the other, it lowers the opportunity cost of crime for those who are not deported, as captured byz 0 (x).
Legalization
There is a continuum of employers interested in hiring immigrants in the official sector. The value of matching an employer with an immigrant worker equals the worker's labor market skills, x, and the shares accruing to the employer and the worker are π and (1 − π), respectively. If the application is successful, then the immigrant's wage thus changes from w 0 to w 1 = 1 − π, with w 1 ≥ w 0 . 7 Additionally, successful applicants acquire the right to reside in the country, so the probability of expulsion changes from p to 0.
Thus, the individual utility when legal is
where K 1 (x, z) is defined analogously to (1), and the probability of committing a crime in the destination country is
Note that, in contrast to C 0 (x), the probability of committing a crime when legal must not be conditioned on not being expelled from the country, as only the illegal immigrants can be expelled.
The legalization policy effect
In Rubin's (1974) terminology, C 1 (x) and C 0 (x) are the potential outcomes when legal and illegal, and their difference
is the causal effect of legal status on the probability of committing a crime. Because the individual utility increases with the wage rate and decreases with the probability of expulsion, V 0 (x, z) < V 1 (x, z), and thus,z 0 (x) <z 1 (x) ∀x. Therefore, the probability of committing a crime conditional on not being expelled is always greater when illegal,C 0 (x) ≡ 1 − F (z 0 (x)) > C 1 (x). On the other hand, illegals who are expelled no longer commit crimes in the destination country. Therefore, the sign of ∆C(x) depends on the relative strength of these opposite effects. Formally,
where the first term on the right-hand side captures the increase in crime implied by the halting of expulsions, whereas the term in brackets captures the reduction in crime (resulting from the increased opportunity cost) conditional on not being deported. Importantly, the sign of ∆C(x) can differ across the skill distribution, depending on the shape of C 1 (x) and C 0 (x). This variation is shown in the first diagram of Figure 3 . While C 1 (x) <C 0 (x) ∀x, ∆C(x) < 0 only for the highskilled (x = x ), for whom access to the official labor market brings a significant improvement in earning opportunities. Instead, this type of increase is limited for low-skilled workers (x = x ), in which case the probability of committing a crime increases, ∆C(x ) > 0.
The effect of the legalization policy on the number of crimes per applicant committed in the destination country is
where L = 1 for applicants who obtain legal status (L = 0 otherwise). The parameter τ depends on both effects in equation (8) -changes in criminal behavior conditional on not being expelled and changes in the probability of expulsion -but in the absence of individual-level data on expulsions, it is impossible to identify them separately. 8 From a policy perspective, however, the overall effect τ is of primary interest, as it reveals the sign and magnitude of the effect of legalization on the number of crimes per applicant committed in the destination country. Next, we discuss how to obtain consistent estimates of this parameter. 
Selection bias
The primary threat to empirically identifying τ in (9) is that one never observes both potential outcomes for the same group of individuals but rather observes C 1 for L = 1 and C 0 for L = 0. The difference in average outcomes between the two groups differs from τ because of selection bias:
where the bias is generally different from zero because of selection into legal status. For instance, individuals with better earning opportunities in the labor market (higher x) are likely to have a better likelihood of obtaining a job offer and thus obtaining legal status. As shown in Figure 3 , such individuals would also have a lower probability of committing crimes, in which case the difference in crimes per applicant between legal and illegal immigrants would overestimate the policy effect of legal status. 9 Click Days generate quasi-random variation in L across a particular subsample of applicants, thus eliminating selection bias. We illustrate this argument by modeling the allocation of residence permits.
The RD design
To hire immigrant workers, employers can sponsor them for a residence permit through the procedure described in Section 2: they submit applications beginning at a given time, and these applications are processed on a first-come, first-served basis until the available permits are exhausted.
Applications are costly (e.g., in terms of effort, organization, use of ICT equipment), and the cost increases with the speed of the application. Formally, this cost equals γ(d), where d ≥ 0 is the delay in submitting the application relative to the start of the Click Day and γ(.) is a continuous, decreasing, convex function. As is observed in reality, there is uncertainty regarding the cutoff delay δ at which quotas are exhausted. Such uncertainty takes the form of a uniform distribution of common priors, U (.), defined over some interval [δ,δ] .
Based on these assumptions, the problem of the employer is
The solution of (11) implies that the delay of each application is a continuous function of the worker's skills, d = d(x), with d (x) < 0 (employers apply earlier for the most productive workers). When applications are processed, the cutoff delay δ is revealed, and all applications sent before (after) the cutoff are accepted (rejected). With T (x) = d(x)−δ representing the timing of each application relative to the cutoff, E(L|T ≤ 0) = 1 − E(L|T > 0) = 1. 10 Because the function T (.) decreases monotonically with x, it is invertible; thus, we may express an applicant's skills as a function of the timing of the application, x = x(T ). Then, there exists a cutoff level of skills, x * = x(0), such that all and only workers with skills above x * obtain legal status (i.e., L = 1 if and only if x > x * ). 11 The cutoffs δ and x * ultimately depend on the rationing of permits. Letting r be the ratio of permits available to the total number of applications received from illegal immigrants, 1 − G(x * ) = r, d(x * ) = δ, and T (x * ) = 0; see diagram (b) in Figure 3 . Then, diagram (c) shows how differences in observed outcomes between accepted and rejected applicants (i.e., applicants with skills above and below x * , respectively) can be decomposed into the causal effect of legal status and selection bias.
Finally, the last diagram in Figure 3 plots the (expected) potential outcomes as a function of the timing of application, T (rather than of skills x, as in the other diagrams). Since C 0 , C 1 and T are all inversely related to x, C 0 and C 1 will increase with T . The diagram shows that, as we restrict to an arbitrary small neighborhood of T (x * ) = 0, differences in outcomes between accepted and rejected applicants approximate the causal effect of legal status for the marginal applicant (i.e., the applicant with skills x = x * ); formally,
The next section presents the methods and data available to empirically estimate equation (12).
Empirical strategy
If all and only the immigrants applying before the cutoff obtained legal statusas was the case in the simple model in Section 3 -then the difference in the limits in equation (12) would identify the causal effect of legal status for the marginal applicant. However, applications that are sent on time may still be rejected by immigration officers for being false, inaccurate, or incomplete (see Figure 2 ). In this case, commonly referred to as fuzzy RD design, the average effect of legal status on "compliers" equals the ratio of the difference in outcomes to the difference in the probability of obtaining legal status between early and late applicants,
.
(13)
Estimation
The ratio (13) can be estimated using both parametric and nonparametric Waldtype estimators. In the former case, one can estimate the effect of L on C by two-stage least squares (2SLS) using Z ≡ 1 {T ≤ 0} as an instrument for L, and including on the right-hand side a J-th order polynomial in T and its interaction with Z (Lee and Lemieux, 2010). Specifically, the reduced-form and first-stage estimating equations are
where ε and ν are error terms summarizing the effect of other omitted factors. After controlling through the polynomial in T for any smooth trend of C to the left and to the right of the cutoff -respectively, the curves C 1 and C 0 in diagram (d) of Figure 3 -the coefficient β estimates the difference in potential outcomes at the cutoff. We will explore the sensitivity of the results to alternative specifications of the polynomial regression. Alternatively, nonparametric estimators restrict the sample to applicants within an arbitrarily small bandwidth of the cutoff T (x * ) = 0, applying kernel weights and conditioning on the running variable to eliminate residual differences between accepted and rejected applicants. Following Hahn et al. (2001) , the reduced-form and first-stage local kernel regressions are min β,γ
where i = 1, 2, ..., N denote the individuals in the sample and K T i h is a triangular kernel attaching positive weights only to observations within a bandwidth h around the cutoff.
In this case, the properties of the estimator depend crucially on the choice of h. Larger bandwidths increase asymptotic bias as a result of extrapolation away from the cutoff, whereas smaller bandwidths reduce bias at the cost of greater asymptotic variance. Along this bias-variance tradeoff, Imbens and Kalyanaraman (2012, IK2012 henceforth) choose the bandwidth that minimizes the expected squared error loss. Cattaneo et al. (2014 argue that this criterion typically yields bandwidths that are "too large" for the distributional approximations invoked and that the RD estimate would be biased as a consequence. They therefore amend the IK2012 criterion in two ways: re-centering the estimated coefficient and standard errors to correct for the asymptotic bias and choosing a smaller bandwidth. We will examine the sensitivity of the results using both the IK2012 and CCT2014 criteria as well as a battery of different (heuristic) bandwidths.
Data
To implement the empirical strategy described above, we merge the applications presented on Click Days in 2007 with the criminal records of all offenders reported by the police in the following year.
Specifically, the Italian Ministry of Interior provided us with the administrative records of all applications processed by immigration officers. We obtained records on 403,741 applications, of a total of approximately 700,000 (because the quotas of available permits totaled 170,000, the last 300,000 applications were not even considered). To avoid extrapolation bias in the global polynomial regressions, we restrict the sample to applications received within a one-hour symmetric time window around the cutoff, which leaves us with a total of 186,608 observations. 12
Each record includes the nationality of the applicant and the province in which it was presented, the type of employment for which the applicant was sponsored (domestic work, construction, all other sectors), the timing of the application by the millisecond, and the outcome (i.e., whether the applicant eventually obtained a residence permit).
Columns (1)-(2) of Table 2 report the sample averages for the individual characteristics available in our data, namely, age and country of origin, among all male and female applicants. There is a prevalence of males over females, and the average age for the two groups is 34 and 39 years, respectively. The majority of applicants come from Asian countries, followed by European countries outside of the EU (because of free mobility within the EU, citizens of EU member countries do not need a permit to reside and work in Italy). Consistent with the finding that immigration to Italy is largely an economic phenomenon, slightly fewer than two-thirds of applicants reside in Northern Italy, which is characterized by better economic opportunities for foreign workers.
The data on applications were matched, at the individual level, with the criminal records of all offenders reported by the police for having committed (at least) one serious crime: robbery, theft, drug trafficking, smuggling, extortion, kidnapping, murder, violent assault, and rape. We limit ourselves to crimes committed in 2008 because the applicants that did not fall within the quotas for 2007 were reconsidered one year later by the Flows Decree 2008. 13 The final data are potentially subject to measurement error from two primary sources. First, reported crimes always underestimate the true number of committed crimes; see MacDonald (2002) for a thorough discussion. Second, errors can arise in the matching between Click Day applications and criminal records. In 12 The results for the entire sample (i.e., also including applications far away from the cutoff) are reported in the Web Appendix and discussed briefly in the next section. The estimated coefficients are qualitatively similar to the baseline estimates, and the standard errors are much lower because of the increased sample size. 13 To clear the backlog accumulated in the previous year, no new applications were allowed in 2008. Rather, the first 150,000 excluded in 2007 were re-processed upon renewal of the applications (to be sent between December 15, 2008, and January 3, 2009 ). Therefore, applicants to the right of the cutoff, who constitute our control group, also had the possibility of obtaining legal status in 2009. particular, because the two archives were matched by name, surname, nationality, and year of birth, any mistake in the coding of these variables in either of the two archives (or both) could generate Type I errors, namely, whenever an applicant has been reported for having committed a crime but the algorithm fails to detect the match, or Type II errors, namely, whenever an applicant was never reported but the algorithm still finds a match. Let Y = 1 for immigrants reported by the police (Y = 0 otherwise). If the probability of being reported conditional on having committed a crime is the same for legal and illegal immigrants, E(Y |C = 1) = µ ≤ 1, then differences in reported crimes would have the same sign and would provide a lower bound for the magnitude of differences in actual crime rates between the two groups:
This is the case when the extent of under-reporting is symmetric between legal and illegal immigrants. The use of police charges (as opposed to incarceration rates) eliminates distortions resulting from the differing treatment of suspected offenders by the judicial system (e.g., only legal immigrants can ask for measures alternative to incarceration, such as home detention). Moreover, violations of migration law do not constitute a serious crime; thus, differences in observed crime rates between legal and illegal immigrants do not depend on the fact that the latter can be reported for being illegally present in the country.
Turning to the match between applications and criminal records, errors that occur at random would also bias the estimated effect of legal status toward zero. However, individuals who are arrested by the police may intentionally misreport their identity to maintain a clean criminal record for their true identity or to avoid the application of aggravating circumstances (if they are recidivists). Clearly, illegal immigrants have a better probability of hiding their true identity, as they do not carry official documents. Indeed, this phenomenon is well known in Italy. For instance, Barbagli (2008) reports the case of an illegal immigrant who was arrested in Bologna and who subsequently confessed to have used 15 aliases in previous years (see Table A1 in the Web Appendix).
For all these reasons, the matched data set would overestimate the crime rate of legal immigrants relative to that of illegal immigrants, E(Y |C = 1, L = 1) > E(Y |C = 1, L = 0), thus biasing the estimates toward finding a positive effect of legal status on crime:
In summary, we can interpret a negative estimated effect of legal status as a lower bound (in terms of magnitude) of the true effect, whereas a positive estimate could reflect either measurement error or a positive effect of legal status or both. Therefore, our empirical strategy only allows us to reject the null hypothesis of no effect of legal status against the alternative of a negative effect, but not of a positive effect.
The bottom panel of Table 2 shows the number of (reported) crimes per 100 applicants for all individuals in our sample. As is typically the case, men commit more crimes than women (the number of recorded crimes for females are actually close to zero). With regard to the type of crimes, immigrants were primarily reported for property crimes (thefts and robberies) and violent assaults.
Implementation
The information reported on each application (specifically, the country of origin, the province of destination, and the type of job) allows us to identify the lottery in which each applicant participated. In particular, Click Days in 2007 generated 1,580 out of 1,751 potential lotteries (see Section 2.1) because 68 lotteries received no applications and because the 103 provincial lotteries for Sri Lankan immigrants were corrupted by a computer bug.
The largest lotteries were those for domestic workers of non-privileged nationalities in Rome and Milan, with 9,974 and 12,207 (processed) applications, respectively; meanwhile, dozens of lotteries for privileged nationalities in smaller provinces received only one or a few applications. The mean and median number of applications processed across all lotteries are 246 and 57, respectively, and there were 311 lotteries receiving fewer than 10 applications. Following common practice in RD studies (see, for instance, Fredriksson et al., 2013 and Dahl et al., 2014) , we pool the observations from all lotteries. We then use the delay of each application relative to the cutoff of its lottery as a common running variable and include lottery fixed effects to prevent heterogeneity in the baseline crime rate across lotteries (the intercept of the regression) from biasing the estimate of the differential effect of legal status (the slope parameter). 14 We will also perform a permutation exercise to exclude the possibility that our estimates average a small sample bias across lotteries.
To compute the running variable, we must define the cutoff point t = 0 in each lottery. In contrast to most RD designs, in which treatment assignment depends on a predetermined threshold rule, the cutoff time in this case depends on the realized (ex-post) timing of all applications and the realized acceptance rate. This feature reinforces the fundamental identifying assumption that applications are as good as randomly assigned near the cutoff; however, it raises the issue of how to define this cutoff.
When the probability of obtaining a residence permit immediately drops to zero, as in Figure 2 , the cutoff would coincide with the timing of the last accepted application. This situation actually occurs for most lotteries. In a few cases, however, the acceptance rate falls to a low, but still positive, level for several minutes. The lottery for non-construction workers in the province of Bergamo (a city near Milan) provides an example. The probability of acceptance declines markedly, from 70% to 5%, at approximately 8:22 am, but it reaches zero only a few minutes later; see Figure 4 . This situation occurs because when an application has been rejected because of missing, inaccurate, or false information or when the applicant did not collect the permit that had been authorized, the ordering in which the next applicants were re-contacted sometimes subverted the initial ordering.
As long as the subversion results from idiosyncratic implementation errors, it would not cause any systematic bias in the comparison of immigrants obtaining or not obtaining a residence permit (in fact, it could make an even stronger case for random treatment assignment). Moreover, even non-random subversions -for instance, because of voluntarily manipulation by the immigration officials -can be easily accommodated in the fuzzy RD design. Indeed, the Wald-type estimators in (14)-(15) and (16)-(17) exploit variation in legal status that depends only on the initial ordering of applications near the cutoff (as opposed to later subversions of such ordering).
The only complication that arises when the discontinuity is fuzzy on both sides is that the timing of the last accepted application may no longer be an adequate measure of the cutoff, as the probability of obtaining legal status could have already changed several minutes earlier (as in Figure 4 ). Confronted with the Following the same idea, we conduct a formal Andrews (1993) test for the existence (in each lottery) of a structural break with unknown breakpoint on the probability of success at each second in time. The test identifies the "most likely break point" and allows us to test for the significance of the structural break. Such a test is important in our context because in some lotteries the permits were not rationed and the only immigrants who were eventually excluded were those whose applications were rejected. In the example in Figure 4 , the estimated structural break point is represented by the vertical line. In general, for the great majority of lotteries, the test rejects the null hypothesis that there is no structural break. Indeed, these lotteries constitute 98% of the applicants in our sample; the median cutoff time is 08:39:06, and the majority of quotas were exhausted well before 9:00. Columns (3)-(4) in Table 2 show that the average individual characteristics across applicants in this subsample, which will be used for estimation, are similar to those for the original sample. 15
Results
The RD approach allows for a graphical representation of treatment effects that is both intuitive and transparent. We thus begin with this analysis and then move to parametric and nonparametric regression methods. Figure 5 plots the average probability of obtaining legal status and the average number of crimes per applicant committed in Italy over the following year, conditional on the timing of the application T . The circles are average probabilities across 5-minutes bins of T to the left and right of the cutoff, whereas the solid lines and shaded areas are predicted outcomes and associated confidence intervals, respectively, based on quadratic polynomial regressions, i.e., regressions (14) and (15), with J = 2. This specification was validated against more flexible alternatives (J > 2) based on the Akaike information criterion (Lee and Lemieux, 2010) .
Graphical analysis and parametric estimates
The left graph in Figure 5 shows that the average probability of obtaining legal status decreases from 63% to 13% at T = 0. The right graph is the empirical counterpart of diagram (d) in Figure 3 , and it shows that the drop in the probability of obtaining legal status coincides with a significant increase in the number of crimes per applicant committed in the following year.
To quantify the magnitude of such effects, the first and second rows of Table 3 report the estimated coefficients β and α in equations (14) and (15), respectively. In the baseline specification in column (1), the reduced-form coefficient equals -0.3 crimes per 100 applicants, while the first stage amounts to a 50 percentage point increase in the probability of obtaining legal status. Taking the ratio of the two coefficients (the third row of the table), the estimated causal effect of legal status is -0.7 crimes per 100 applicants, which is significant at the 95% confidence level. Distinguishing applicants by gender, the effect doubles for males, while it is not different from zero for females (columns 2 and 3, respectively), which is consistent with the finding that females exhibit crime rates that are close to zero. 
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Note: This table reports 2SLS estimates for the effect of legal status on the number of crimes committed in Italy by Click Day applicants. The dependent variable is a dummy C = 1 for individuals committing at least 1 serious offense in 2008, the explanatory variable of interest is a dummy L = 1 for those obtaining a residence permit, and the first-stage instrument is a dummy Z = 1 for having applied before the cutoff time. All regressions control for a quadratic polynomial in the time elapsed since the cutoff (by the millisecond) and its interaction with Z, and the specifications in columns (7)-(9) also include lottery fixed effects. The first row reports the reduced-form regression of C on Z, the second row reports the first stage regression of L and Z, and the third row reports the 2SLS-estimated effect of L on C. The last row of the table reports the first-stage F statistic for the excluded instrument, Z. Robust standard errors are reported in parentheses, and they are clustered by lottery in columns (7)-(9). * , * * , and * * * denote statistical significance at the 90%, 95%, and 99% confidence levels, respectively.
In columns (4) to (6), we control for the individual characteristics reported in our data, namely, gender and age (both linear and squared), whereas in columns (7) to (9), we include lottery fixed effects and cluster standard errors by lottery to account for interactions in crime among groups of immigrants who apply for the same lottery. Controlling for lottery fixed effects is particularly important to exclude the possibility that our results are driven by aggregation bias across lotteries (see Section 4.3). This possibility does not appear to be a concern, as the coefficient of legal status remains identical to the baseline estimate in column (1).
More generally, the stability of the coefficients across all different specifications in Table 3 appear to exclude the possibility that differences in criminal behavior between legal and illegal immigrants depend on compositional effects. This finding is further confirmed in Figure 6 , which plots the relationship between application times and average individual characteristics. Although there are clear trends in T (for instance, females and younger workers applied first), there is no significant discontinuity at the cutoff.
Of course, early and late applicants could differ along other dimensions. Unfortunately, the administrative data on applications do not report any information on important determinants of criminal activity (e.g., income and educational levels), and in any case, many other relevant factors would be difficult to measure (e.g., attitudes toward illegal activities and risk aversion). Nevertheless, the balance in observable characteristics is consistent with the assumption that legal status is as good as randomly assigned near the cutoff.
The empirical density of T , presented in Figure 7 , provides additional evidence in this respect. If immigrants near the cutoff were able to select on either side of it and they did so in a monotonic way (i.e., all individuals manipulate the running variable in the same direction), then the density of T would exhibit a discontinuity at T = 0. McCrary (2008) provides a formal test based on the (log) height of the distribution at the cutoff. This test does not reject the null hypothesis of no discontinuity in the distribution of T (the log-difference in the height of the distribution at the cutoff equals 0.022, with a standard error of 0.020).
This evidence suggests that neither manipulation of the running variable nor differences between the average characteristics of individuals to the left and right of the cutoff can explain the discontinuity in the probability of committing crimes at T = 0. Note: The graph shows the density of applications received at each minute in time, before and after the cutoff. Table 4 shows the main results for the kernel local linear regressions on equations (16) and (17). 16 The criteria used to select the bandwidth and its size are reported at the top of each column.
Nonparametric estimates
The IK2012 criterion selects a bandwidth of 20:44 minutes, which includes approximately 83 thousand observations. The estimated reduced-form effect is -0.45 crimes per 100 applicants, which is statistically significant at the 95% confidence level. Dividing this estimate by the first-stage coefficient (-0.46) yields a 2SLS estimate of -1.0 crimes per 100 applicants (column 1).
As discussed in Section 4.1, the optimal bandwidth under a squared error loss function may be "too large," inducing a non-negligible bias in the estimated coefficients. The specification in column (2) employs the bias-correction procedure by CCT2014, re-centering the coefficient estimate and adjusting the standard errors to account for bias estimation. When this procedure is used, both the reduced form and the 2SLS coefficient increase threefold, which may be a symptom of extrapolation bias away from the cutoff.
In column (3), we thus select the bandwidth according to the CCT2014 criterion. The new bandwidth is much smaller, only 6:29 minutes, and comprises slightly fewer than 30 thousand observations. Within this narrow neighborhood Note: This table reports nonparametric estimates of the effect of legal status on the number of crimes committed in Italy by Click Day applicants. The dependent variable is a dummy C = 1 for individuals committing at least 1 serious offense in 2008, the explanatory variable of interest is a dummy L = 1 for those obtaining a residence permit, and the first-stage instrument is a dummy Z = 1 for having applied before the cutoff time. All coefficients are estimated using a kernel local linear regression in a symmetric bandwidth around the cutoff. The table reports the bandwidth selection rule, IK2012 or CCT2014, at the top of each column; the size of the bandwidth in minutes and seconds [mm:ss]; and whether the re-centering procedure by CCT2014 is employed. The first row reports the reduced-form regression of C on Z, the second row reports the first-stage regression of L on Z, and the third row reports the estimated effect of L on C obtained as the ratio between the reduced form and the first stage. Robust standard errors are reported in parentheses. * , * * , and * * * denote statistical significance at the 90%, 95%, and 99% confidence levels, respectively. > 0) , respectively). The table also shows the standardized mean difference (SMD) between the two groups. The SMD is considered to be "large" when it exceeds 0.20 (Rosenbaum and Rubin, 1983) .
of the cutoff, the 2SLS estimated coefficient of legal status is -1.5 crimes per 100 applicants, and it remains stable when we employ the bias-correction procedure (column 4). Importantly, within all subsamples and bandwidths, applicants to the left and right of the cutoff are balanced in terms of observable characteristics, as the standardized difference between the two groups is always small (well below the critical value of 0.20 suggested by Rosenbaum and Rubin, 1983) ; see Table 5 .
Robustness
We next examine the sensitivity of the baseline estimates to alternative specifications of the parametric and nonparametric regressions, perform a falsification test to detect the presence of any systematic bias in our estimates, and further discuss the issue of measurement error.
Beginning with the first issue, we note that the consistency of the RD estimates relies on the assumption that controlling parametrically for a flexible polynomial in T or restricting the sample nonparametrically to observations in a neighborhood of the cutoff removes the effect of other factors that vary (smoothly) around the cutoff. Both methods involve a trade-off between bias and efficiency: in general, higher-order polynomials and smaller bandwidths reduce the bias at the cost of greater asymptotic variance.
To examine the sensitivity of our results to different choices among these tradeoffs, the graphs in Figure 8 plot the estimated coefficient of legal status and the associated confidence intervals for different specifications of parametric and nonparametric regressions. In particular, the left graph plots the results of the global polynomial regression when varying the order of the polynomial, J, between 0 and 6. The coefficient of legal status is always negative and is generally statistically significant (it is marginally non-significant at conventional confidence levels for J = 3).
As a further robustness check, we also run parametric regressions on the entire sample of Click Day applicants, including also those who applied outside of the onehour symmetric time window around the cutoff. These estimates are potentially subject to a severe extrapolation bias, and simply controlling for the polynomial in T may not be sufficient to remove any heterogeneity between applicants who are far away from the cutoff on either side. Nevertheless, the estimated coefficients remain qualitatively similar to those in Table 3 and stronger in terms of statistical significance. 17 Turning to the nonparametric estimates, the right graph in Figure 8 shows the results of the local kernel regression for each possible bandwidth between 1 and 30 minutes (the IK2012 and CCT2014 bandwidths are also indicated on the horizontal axis). With the exception of the smallest bandwidth (1 minute), for which the variance is decidedly too large, the estimates remain remarkably stable and similar to those obtained using parametric methods. 
Non-parametric
Note: The left graph shows the 2SLS estimated coefficient of legal status for different specifications of the parametric polynomial regression in Table 3 . In particular, the scatterplots are the point estimates obtained for different degrees of the polynomial in the running variable (on the horizontal axis), and the range plots are the associated confidence intervals. The right graph shows the point estimates and confidence intervals estimated by nonparametric local kernel regression within all possible (integer) bandwidths between 1 and 30 minutes. The bandwidths selected according to the IK2012 and CCT2014 criteria are also reported on the horizontal axis. Figure 9 compares these estimates with a distribution of 1,000 placebos. Each placebo estimate is obtained by permuting the cutoff points at random across lotteries, computing a "fake" running variableT as the difference between the timing of each application and the placebo cutoff, and estimating the discontinuity in the probability of committing crimes atT = 0. Because the placebo cutoffs have, by construction, no predictive power for the probability of obtaining a residence permit -the first stage of the regression -we consider only the reduced-form coefficients.
The distributions of parametric and nonparametric placebos are centered at zero, and the probability of obtaining estimates as extreme as those at the true cutoffs are 0.004 and 0.008, respectively. These p-values can be interpreted as the probability that, under the null hypothesis of no effect of legal status, the estimating bias is sufficiently large to account for the magnitude of the estimated coefficient. In particular, these results appear to exclude the possibility that the baseline estimates only average a small sample bias across lotteries. Non-parametric estimates Note: These graphs show the distribution of reduced-form estimates obtained by parametric and nonparametric methods (left and right graphs, respectively) for 1,000 random permutations of the cutoff points across lotteries. The vertical line represents the estimate obtained for the true cutoff point (from Tables 3 and 4 , respectively). The fraction of placebo estimates lower than the actual estimate is reported at the bottom of each graph.
Finally, we consider a further source of bias, namely, errors in the match between permit applications and criminal records. As discussed in Section 4.2, random matching errors and intentional misrepresentation of identity by illegal immigrants would bias the estimated coefficient toward zero. The possibility of an opposite bias arises if illegal status increases the probability of being reported for serious offenses -conditional on the same level of criminal activity. For instance, immigrants stopped by the police and found without documents could undergo a closer inspection, which could reveal evidence of additional offenses. If this situation occurred, then we would expect a non-significant coefficient when restricting to immigrants who were not reported for illegal status.
Instead, after we exclude immigrants who were reported (also) for violating the migration law, the estimated coefficient of legal status remains negative and statistically significant, although lower in magnitude. In our preferred specification (the kernel local linear regression using the CCT2014 method), the coefficient changes to -0.013 from -0.017 in the baseline specification of Table 4 . 18 Note that the estimate for the reduced sample may be biased toward zero by the exclusion of illegal immigrants who were reported for illegal status after having been arrested for another (serious) offense.
Local crime rates
The results presented thus far suggest that the concession of legal status lowers the number of crimes committed per applicant during the period after Click Days. However, the effect of legalization estimated at the aggregate level could differ from that estimated at the individual level owing to interactions in crime between applicants who obtained legal status and those who did not or between immigrants and natives. In particular, the effect of legalization on local crime rates would be higher (lower) if there were complementarity (substitutability) between the criminal enterprises of such groups. As an extreme case, if the number of crime opportunities in a given area is fixed, the concession of legal status will change the identity of offenders but not their total number.
We thus examine the relationship between crime trends across provinces, before and after Click Days, as well as the quotas of permits allocated to each province. Figure 10 shows that, keeping other province characteristics constant -the log crime rate in 2007, the log of the province population, and the log of the number of applications over the province population -the log-change in the number of crimes between 2007 and 2008 is negatively related to the log of the number of permits over the province population. 19 The slope of the partial regression is reported in column (1) of Table 6 ; this slope is only slightly affected when we also control for the employment rate in the province and the (log) GDP per worker in the region (column 2). 20 In the remaining columns of Table 6 , we exploit the variation over a wider time window (2004) (2005) (2006) (2007) (2008) (2009) . Column (3) presents a baseline difference-in-differences specification in which we interact the quota allocated to each province with a dummy for the period after Click Days; interestingly, higher quotas are associated with a decline in crime only after such event. The estimated interaction coefficient is robust to the inclusion of province and year fixed effects (columns 4 and 5, respectively), the province employment rate and regional GDP per worker (column 6), and provincespecific trends, thus controlling for differences in the dynamics (and not only the level) of the crime rate over the previous period. Post, that equals one for the period after Click Days. The log of the crime rate in the previous year, the log of the province population, and the log of the number of applicants over the province population are included in all specifications. The additional control variables that are included in columns (2), (6), and (7) are the employment rate and the log of regional GDP per worker. Robust standard errors are reported in parentheses, and they are clustered by province in columns (3)-(7). * , * * , and * * * denote statistical significance at the 90%, 95%, and 99% confidence levels, respectively.
Heterogeneity
Overall, individual-level RD estimates and cross-province OLS regressions provide the same result -namely, that legalization reduces the number of crimes committed in the destination country -although the identification assumption is much stronger in the former type of analysis. For this reason, in the last part of this section, we focus on the RD results to distinguish the estimated effect for different types of crimes and different categories of applicants. 21 The first row in Table 7 reports the estimated effect of legal status,τ , obtained using the CCT2014 "robust" approach (column 4 of Table 4 ); the average number of crimes per 100 applicants committed by those who obtained legal status, E(C 1 |L = 1); and the counterfactual crime rate in the event of being denied legal status, E(C 0 |L = 1) = E(C 1 |L = 1) −τ . According to these estimates, the concession of legal status implies a 60% reduction in the number of crimes committed in Italy, from 2.9 to 1.2 per 100 applicants. The second and third rows show that the average effect is driven entirely by a reduction of property and other economically motivated crimes (e.g., drug trafficking), whereas the coefficient on violent crimes is not significantly different from zero. This result is consistent with the idea that legal status affects criminal behavior by changing the relative returns on legitimate activities and, moreover, violent crimes depend to a lesser extent on economic considerations (Machin and Meghir, 2004) . This result is also consistent with previous evidence provided by Baker (2013) , Freedman et al. (2013) , and Mastrobuoni and Pinotti (2014) .
To further investigate this channel, we exploit variation in the relative employment opportunities of legal and illegal immigrants across geographical areas. Although information on the labor market outcomes of illegal immigrants is not systematically available across Italian regions, it is well known that northern and central regions exhibit better income opportunities in the official sector, whereas a large share of the labor force in southern regions is employed in the shadow economy. 22 Interestingly, the counterfactual crime rate in the absence of legalization is higher in the north than in the south, but the two areas converge to the same number of crimes after legalization (fourth and fifth rows of Table 7 ). An explanation consistent with our theoretical framework is that the larger size of the unofficial economy in the south offers better employment opportunities for illegal immigrants. This finding is also consistent with previous results in Mastrobuoni and Pinotti (2014) using a different sample of immigrants and a different source of variation in legal status. Finally, the model in Section 3 has ambiguous implications for the effect of expulsions on the number of crimes committed by illegal immigrants: those who are expelled no longer commit crimes in the destination country, but a higher probability of expulsion reduces the future expected utility -and, thus, the opportunity cost of crime -of those who are not expelled.
To explore this dimension of the model, we estimate the effects separately for privileged and non-privileged nationalities. As discussed in Section 2.1, immigrants in the former group come from countries that signed bilateral agreements with Italy for the enforcement of migration restrictions, particularly allowing for the faster repatriation of illegals apprehended by the Italian police. In the absence of such agreements, opposition by border authorities in origin countries typically represents a severe obstacle to the effective expulsion of illegal immigrants, who would then receive only a written injunction to leave the Italian territory. Given this situation, the probability of an illegal immigrant actually being expelled should be higher for immigrants of privileged nationalities. The results reveal that the reduction in crime is lower for such immigrants (last two rows of Table 7 ). Therefore, the actual enforcement of expulsions -as opposed to the simple injunction to leave the country -appears to be effective in reducing the number of crimes committed by illegal immigrants. However, in the absence of data on the apprehensions and expulsions of Click Day applicants and in consideration of the large differences between the two groups in terms of both potential outcomes, this last result must be interpreted with caution.
Conclusions
Illegality imposes a heavy toll on foreign immigrants in terms of poorer employment opportunities, lower incomes, and lesser access to social services, all of which imply a lower opportunity cost for engaging in crime. Indeed, the results of the present paper show that legal status significantly reduces the number of serious crimes committed by immigrants in Italy -from 2.9 to 1.2 per 100 applicants in our preferred specification.
Our theoretical framework highlights two primary channels through which the effect of legal status could operate: first, a decrease in the probability of committing crimes conditional on not being deported as a result of better opportunities in the official labor market; second, a potential increase in the number of crimes committed by legalized immigrants who are no longer being expelled. The estimated reduction in crime suggests that the first effect may prevail, although we can not distinguish the effect of legal status on the individual probability of committing crimes (conditional on not being deported) from the effect of differences in the probability of expulsion between legal and illegal immigrants (zero for the former and positive for the latter). This limitation is inherent to our data, as we cannot observe the mobility of immigrants across the border, either because of expulsion or for other reasons.
Notice that the same limitation applies to empirical studies of crime in general, as the crime rate is typically measured by the number of crimes committed in a given period (e.g., one year) over the beginning-of-period stock of potential offenders (e.g., the population in a given area). Insofar as there is population mobility across areas during the period of interest, the estimated effect of any crime determinant captures the combined effect on the stock of potential offenders and on the crime probability of those who did not change location (although the problem is admittedly more relevant for immigrants).
Most important, the effect of legalization on the number of crimes committed in the destination country is arguably the relevant parameter from a policy perspective, as opposed to the (unobserved) change in criminal behavior conditional on not being expelled, which would overestimate the reduction in crime achieved through legalization. In the end, when weighing the advantages and disadvantages of legalization policies, we want to know the change in the number of crimes that is caused by the concession of legal status to one additional applicant: our estimates specifically identify this parameter. Indeed, we believe that our results can inform the current debate on immigration policy. In the context of increasing pressures at the border as a result of economic and political turmoil in several areas of the world, immigration reform is near the top of the agenda in the United States as well as in many other countries. Some countries are reacting by raising further barriers to the entry of new immigrants. In Switzerland, for instance, a referendum has been passed as recently as February 2014 to reduce immigration quotas and to limit the free mobility of European Union citizens. The results of this paper suggest that the effect of such restrictions will crucially depend on the effective degree of enforcement. If enforcement is low, then the ultimate effect of the policy could be to exclude a number of immigrants from the official labor market and thus raise the risk that they become involved in criminal activity. , and the total number of observations (last row) for the applicants to all lotteries (columns 1-2) and to lotteries exhibiting a significant structural break in the probability of treatment assignment at the cutoff (columns 3-4), including also those whose application was received outside the symmetric one-hour bandwidth around the cutoff. Separate figures by gender are presented, and standard errors are reported in parentheses. 
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Note: This table reports 2SLS estimates for the effect of legal status on the number of crimes committed in Italy by Click Day applicants, including those whose application was received outside the one-hour symmetric time window around the cutoff. The dependent variable is a dummy C = 1 for individuals committing at least 1 serious offense in 2008, the explanatory variable of interest is a dummy L = 1 for those obtaining a residence permit, and the first-stage instrument is a dummy Z = 1 for having applied before the cutoff time. All regressions control for a quadratic polynomial in the time elapsed since the cutoff (by the millisecond) and its interaction with Z, and the specifications in columns (7)-(9) also include lottery fixed effects. The first row reports the reduced-form regression of C on Z, the second row reports the first stage regression of L and Z, and the third row reports the 2SLS-estimated effect of L on C. The last row of the table reports the first-stage F statistic for the excluded instrument, Z. Robust standard errors are reported in parentheses, and they are clustered by lottery in columns (7)-(9). * , * * , and * * * denote statistical significance at the 90%, 95%, and 99% confidence levels, respectively. Note: This table reports nonparametric estimates of the effect of legal status on the number of crimes committed in Italy by Click Day applicants, excluding those there were subsequently reported for illegal status (possibly in addition to other offenses). The dependent variable is a dummy C = 1 for individuals committing at least 1 serious offense in 2008, the explanatory variable of interest is a dummy L = 1 for those obtaining a residence permit, and the first-stage instrument is a dummy Z = 1 for having applied before the cutoff time. All coefficients are estimated using a kernel local linear regression in a symmetric bandwidth around the cutoff. The table reports the bandwidth selection rule, IK2012 or CCT2014, at the top of each column; the size of the bandwidth in minutes and seconds [mm:ss]; and whether the re-centering procedure by CCT2014 is employed. The first row reports the reduced-form regression of C on Z, the second row reports the first-stage regression of L on Z, and the third row reports the estimated effect of L on C obtained as the ratio between the reduced form and the first stage. Robust standard errors are reported in parentheses. * , * * , and * * * denote statistical significance at the 90%, 95%, and 99% confidence levels, respectively. Note: This table reports nonparametric estimates of the effect of legal status on the number of crimes committed in Italy by Click Day applicants, distinguishing between different types of crime and different categories of applicants (reported on top of each column). The dependent variable is a dummy C = 1 for individuals committing at least 1 serious offense in 2008, the explanatory variable of interest is a dummy L = 1 for those obtaining a residence permit, and the first-stage instrument is a dummy Z = 1 for having applied before the cutoff time. All coefficients are estimated by kernel local linear regression using the CCT2014 bandwidth and applying the bias-correction procedure. The first row reports the reduced-form regression of C on Z, the second row reports the first-stage regression of L on Z, and the third row reports the estimated effect of L on C obtained as the ratio between the reduced form and the first stage. Robust standard errors are reported in parentheses. * , * * , and * * * denote statistical significance at the 90%, 95%, and 99% confidence levels, respectively.
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